University of Nebraska Medical Center

DigitalCommons@UNMC
Journal Articles: Epidemiology

Epidemiology

2022

Quantifying the Impact of Immune History and Variant on SARSCoV-2 Viral Kinetics and Infection Rebound: A Retrospective
Cohort Study
James A. Hay
Stephen M. Kissler
Joseph R. Fauver
Christina Mack
Caroline G. Tai

See next page for additional authors

Follow this and additional works at: https://digitalcommons.unmc.edu/coph_epidem_articles
Part of the Epidemiology Commons

Authors
James A. Hay, Stephen M. Kissler, Joseph R. Fauver, Christina Mack, Caroline G. Tai, Radhika M. Samant,
Sarah Connolly, Deverick J. Anderson, Gaurav Khullar, Matthew MacKay, Miral Patel, Shannan Kelly, April
Manhertz, Isaac Eiter, Daisy Salgado, Tim Baker, Ben Howard, Joel T. Dudley, Christopher E. Mason, Manoj
Nair, Yaoxing Huang, John DiFiori, David D. Ho, Nathan D. Grubaugh, and Yonatan H. Grad

RESEARCH ARTICLE

Quantifying the impact of immune history
and variant on SARS-CoV-2 viral kinetics
and infection rebound: A retrospective
cohort study
James A Hay1†, Stephen M Kissler1†, Joseph R Fauver2,3†, Christina Mack4†,
Caroline G Tai4, Radhika M Samant4, Sarah Connolly4, Deverick J Anderson5,
Gaurav Khullar6, Matthew MacKay6, Miral Patel6, Shannan Kelly6, April Manhertz6,
Isaac Eiter6, Daisy Salgado6, Tim Baker6, Ben Howard6, Joel T Dudley6,
Christopher E Mason6, Manoj Nair7, Yaoxing Huang7, John DiFiori8,9, David D Ho7,
Nathan D Grubaugh2*, Yonatan H Grad1*
1

Harvard TH Chan School of Public Health, Boston, United States; 2Yale School of
Public Health, New Haven, United States; 3University of Nebraska Medical Center,
Omaha, United States; 4IQVIA, Real World Solutions, Durham, United States; 5Duke
Center for Antimicrobial Stewardship and Infection Prevention, Durham, United
States; 6Tempus Labs, Chicago, United States; 7Vagelos College of Physicians and
Surgeons, Columbia University, New York, United States; 8Hospital for Special
Surgery, New York, United States; 9National Basketball Association, New York, United
States
*For correspondence:
grubaughlab@gmail.com (NDG);
ygrad@hsph.harvard.edu (YHG)
†

These authors contributed
equally to this work
Competing interest: See page
15

Funding: See page 15
Preprinted: 14 January 2022
Received: 13 July 2022
Accepted: 15 November 2022
Published: 16 November 2022
Reviewing Editor: Isabel
Rodriguez-Barraquer, University
of California, San Francisco,
United States
Copyright Hay, Kissler, Fauver
et al. This article is distributed
under the terms of the Creative
Commons Attribution License,
which permits unrestricted use
and redistribution provided that
the original author and source
are credited.

Abstract
Background: The combined impact of immunity and SARS-CoV-2 variants on viral kinetics during
infections has been unclear.
Methods: We characterized 1,280 infections from the National Basketball Association occupational
health cohort identified between June 2020 and January 2022 using serial RT-qPCR testing. Logistic
regression and semi-mechanistic viral RNA kinetics models were used to quantify the effect of age,
variant, symptom status, infection history, vaccination status and antibody titer to the founder SARSCoV-2 strain on the duration of potential infectiousness and overall viral kinetics. The frequency of
viral rebounds was quantified under multiple cycle threshold (Ct) value-based definitions.
Results: Among individuals detected partway through their infection, 51.0% (95% credible
interval [CrI]: 48.3–53.6%) remained potentially infectious (Ct <30) 5 days post detection, with
small differences across variants and vaccination status. Only seven viral rebounds (0.7%; N=999)
were observed, with rebound defined as 3+days with Ct <30 following an initial clearance of
3+days with Ct ≥30. High antibody titers against the founder SARS-CoV-2 strain predicted lower
peak viral loads and shorter durations of infection. Among Omicron BA.1 infections, boosted
individuals had lower pre-booster antibody titers and longer clearance times than non-boosted
individuals.
Conclusions: SARS-CoV-2 viral kinetics are partly determined by immunity and variant but dominated by individual-level variation. Since booster vaccination protects against infection, longer
clearance times for BA.1-infected, boosted individuals may reflect a less effective immune response,
more common in older individuals, that increases infection risk and reduces viral RNA clearance rate.
The shifting landscape of viral kinetics underscores the need for continued monitoring to optimize
isolation policies and to contextualize the health impacts of therapeutics and vaccines.
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Editor's evaluation
This manuscript provides a valuable and policy-relevant contribution to our understanding of SARSCoV-2 viral kinetics in the Omicron era. The authors exploit a rich and unique dataset from the
National Basketball Association to describe post-infection viral kinetics, including rebounds, and to
explore evidence for differential kinetics by immune history and demographics. The authors show (as
others have) that most people remain with high viral loads 5 days post positive test and that older
individuals and those who were boosted (but had a poor initial antibody response to the primary
vaccine series) were more likely to remain with high viral loads longer after an Omicron infection.

Introduction
The viral kinetics of SARS-CoV-2 underlie the epidemiology of COVID-19 and the policies surrounding
infection control. The amount and duration of viral shedding influences infectiousness (Ke et al.,
2021; Ke et al., 2022; Marc et al., 2021; Marks et al., 2021; Puhach et al., 2022; Sun et al., 2021)
and the duration of test positivity affect isolation policies, test recommendations, and clinical care
guidelines (Hellewell et al., 2021; Kissler et al., 2021a; Larremore et al., 2021; Mack et al., 2022;
Néant et al., 2021; Quilty et al., 2021; Singanayagam et al., 2022). Descriptions of viral kinetics are
also important for establishing baselines to measure the effectiveness of antiviral drugs. For example,
rebounds of viral RNA concentrations and symptoms have been observed after antiviral treatment,
but it has been unclear to what extent such rebounds also occur in the absence of drug (Boucau et al.,
2022b; Charness et al., 2022). Most longitudinal viral kinetics studies pre-date the emergence of
the Omicron variant, which features dramatic antigenic divergence from prior variants, as well as the
rollout of third and fourth vaccine doses (Lusvarghi et al., 2022; van der Straten et al., 2022). Early
findings on viral kinetics therefore need to be updated to account for extensive and heterogeneous
immune experience across the population (Cevik et al., 2021; Kissler et al., 2021b).
To characterize the viral kinetics of SARS-CoV-2 infection, including rebounds, for the Delta and
Omicron (BA.1 lineages BA.1.1529 and BA.1.1) variants in symptomatic and asymptomatic individuals with varied vaccination and infection histories, we measured viral RNA levels using denselysampled RT-qPCR tests from 1,280 SARS-CoV-2 infections, each taken by combined anterior nares
and oral swabs, that occurred between 7th July, 2020, and 26th January, 2022, prior to the detection
of BA.2.12.1, BA.4 and BA.5, or the regular detection of BA.2, in this cohort. As a proxy for immune
response to SARS-CoV-2, we used antibody titers against the ancestral SARS-CoV-2 (WA1) strain
spike protein measured prior to the administration of booster doses, but predominantly after primary
vaccination.
We interpreted the data in two ways. First, we estimated the probability of an individual having a
PCR cycle threshold (Ct) value less than 30, as a proxy for infectiousness, on each day post detection
using a logistic regression model. Second, we estimated the peak viral RNA concentrations, viral RNA
proliferation rate, and viral RNA clearance rate across variants, immune statuses and age using a semimechanistic model. Our findings provide key estimates for the duration and magnitude of viral RNA
shedding in the upper respiratory tract and its variation across age, symptom status, variants, immune
states, and individuals.

Methods
Study design
The data reported here represent a convenience sample including team staff, players, arena staff,
vendors, and others affiliated with the NBA as described previously (Kissler et al., 2021a; Kissler
et al., 2021b). The retrospective study includes samples collected between 7th July 2020 and 26th
January 2022 (Appendix 1—figure 1). Clinical samples were obtained by combined swabs of the
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anterior nares and oropharynx, collected separately from each anatomical site, for each patient
administered by a trained provider. Daily testing was required for most individuals prior to vaccination
availability, with less frequent testing but close monitoring required after vaccination. Cycle threshold
(Ct) values were generated using the Roche cobas target 1 assay. For the viral kinetics model analyses,
Ct values were converted to viral genome equivalents using a standard curve (Kissler et al., 2021a).
We classified all individuals as having Ct value <30 or not on each day post-detection. This threshold
was chosen based on a combination of antigen sensitivity and studies of virus culture by Ct, where
the presence of culturable virus is often assumed to correlate with infectivity (Brihn et al., 2021;
Bullard et al., 2020; Pilarowski et al., 2021; Singanayagam et al., 2020; Thommes et al., 2021).
We stratified infections by those who had a negative or inconclusive test ≤1 day prior to detection and
those whose last negative or inconclusive test was ≥2 days ago. We assumed that individuals testing
negative at the end of an acute infection remained negative for the remainder of the study period,
whereas those ending in a positive test are right-censored. Rebound trajectories were defined as any
trajectory with a sequence of two or more consecutive Ct values ≥30 or negative tests after the initial
peak followed by two or more consecutive Ct values <30. We considered more stringent definitions
both for initial clearance (3+ or 4+ days of Ct ≥30 or negative test following initial peak) and subsequent rebound (3+ or 4+ days of Ct <30). In some instances, individuals were tested multiple times
per day and thus for ease of model fitting we excluded 3,751 positive or inconclusive and 14,713
negative samples from repeat tests on the same day in our analyses, prioritizing the earliest test and
then lowest Ct value test on each day.
Vaccination information was reported and verified by NBA staff and a clinical operational team.
828 individuals had been boosted by the time of their last PCR test, 529 had completed their primary
vaccination course (two doses of an mRNA vaccine or one dose of Janssen / Ad.26.COV2.S adenovirus vector-based vaccine), 8 had received one vaccine dose, and 13 confirmed to be unvaccinated.
The vaccination statuses of the remaining individuals were unknown. The time course of individual
vaccination and exposure times is shown in Appendix 1—figure 2.

Study oversight
In accordance with the guidelines of the Yale Human Investigations Committee, this work with de-identified samples was approved for research not involving human subjects by the Yale Institutional Review
Board (HIC protocol # 2000028599). This project was designated exempt by the Harvard Institutional
Review Board (IRB20-1407).

Classification of infections
We tagged each series of positive tests buffered by at least 14 days of negative or missing tests on
each side as a distinct infection. After an infection was flagged, subsequent positives were not classified as a new infection for 90 days. Isolated positive tests with no other positive within 14 days either
side were not considered as detections. We track the cumulative number of exposures (defined as
either receiving a vaccination or infection) over time. Individuals who received the Janssen/Ad.26.
COV2.S adenovirus vector-based vaccine were counted as having received two vaccine doses. A total
of 351 additional infections were reported to the program outside of the main testing regime, either
through an external PCR or rapid antigen test, or from a positive antibody test result (not including
the Diasorin Trimeric Assay results described below). We consider these detections as contributing
towards an individual’s infection history but are unable to include them in the Ct value trajectory
analyses.

Genome sequencing and lineage assignment
RNA was extracted and confirmed as SARS-CoV-2 positive by RT-qPCR (Vogels et al., 2021). Next
Generation Sequencing was performed with the Illumina COVIDSeq ARTIC viral amplification primer
set (V4, 384 samples, cat# 20065135). Library preparation was performed using the amplicon-based
Illumina COVIDseq Test v033 and sequenced 2×74 on Illumina NextSeq 550 following the protocol
as described in Illumina’s documentation. The resulting FASTQs were processed and analyzed on
Illumina BaseSpace Labs using the Illumina DRAGEN COVID Lineage Application; (BaseSpace Labs,
2021) versions included are 3.5.0, 3.5.1, 3.5.2, 3.5.3, and 3.5.4. The DRAGEN COVID Lineage pipeline
was run with default parameters recommended by Illumina. Lineage assignment and phylogenetics
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analysis using the most updated version of Pangolin (Rambaut et al., 2020) and NextClade (Aksamentov and Neher, 2021), respectively. All sequenced Omicron infections were lineage BA.1 apart
from 1 BA.2.10 infection. Sequenced Delta infections were a combination of lineages B.1.617.2 and
AY.x.
There were 3 and 482 non-sequenced infections in the window of time when Alpha was replaced by
Delta (29th May 2021 to 18th July 2021) and after the first detection of Omicron BA.1 (3rd December
2021 onwards), respectively (Appendix 1—figure 3). We removed these 485 infections from variantspecific analyses and assigned all non-sequenced infections prior to the detection of Omicron BA.1
to the dominant lineage at the time of detection (i.e. all infections prior to 29th May 2021 were
assumed ‘Other’ and all infections between 18th July 2021 and 3rd December 2021 were assumed
‘Delta’). We removed all non-sequenced infections detected after 3rd December 2021 from variantspecific analyses rather than classifying them as Omicron BA.1 due to the continued presence of
Delta. Omicron BA.2 was not regularly detected until after this period, with only one confirmed BA.2
infection (BA.2.10), which was removed from these analyses.

Antibody titers
Individuals were tested with the Diasorin Trimeric Assay for IgG antibody titers against the ancestral SARS-CoV-2 (WA1) strain spike protein during the 2021 pre-season period (September-October
2021). The majority (>90%) of blood draws were from mid-September to early October 2021. We
classified individuals with a titer of >250 AU/ml as being in the high titer group and in the low titer
group otherwise, chosen based on its correlation with authentic virus neutralization results for wildtype and Delta (Liu et al., 2021; Wang et al., 2021). Specifically, an authentic virus neutralization
titer of 100 was found to be well correlated with a 50% protective neutralization level for wildtype
(Khoury et al., 2021) and found to correspond to a DiaSorin AU of 189.09 (95%CI: 147.61–235.75)
(Appendix 1—figure 4). The cutoff of 250 was therefore chosen as a conservative upper bound classifying an individual as at lower risk of infection with Delta or wildtype SARS-CoV-2. Note that this
cutoff does not predict infection risk with Omicron and was simply chosen as a proxy for an individual’s
immune competence.

Logistic regression models
We used the RStan package brms to fit Bayesian logistic regression models estimating the probability
of having Ct value <30 on each day post detection, fitting all models to the frequent testing and
delayed detection datasets separately (Bürkner, 2022). As a baseline, we considered a model without
variant-specific effects, using smoothing splines to estimate the probability of having a Ct value less
than 30 on each day post detection. We then fitted additional logistic regression models, adding additional spline terms and intercepts for the category-specific effect of age group (<30 years, 30–50 years
and >50 years), vaccination status, cumulative number of previous exposures, days since previous
exposure (categorized as naive, <1 month, 1–3 months and >3 months), and/or variant with days since
detection. In models including variant, we considered the interaction of variant with exposure history,
vaccination status or days since exposure category. We did not add an interaction between age group
and any other variable. All models were fitted to the frequent testing and delayed detection group
datasets separately.
We ranked models based on the expected log predictive density and evaluated their classification
accuracy and area under the receiver operator curve using k-folds cross-validation (25 folds). For
the antibody titer analyses, we fitted Bayesian logistic regression models for the probability of Ct
value <30 as a function of days since detection, stratified by the interaction of titer group (above or
below 250 AU/ml), age group, variant and vaccination status. Further details on the fitting process can
be found in the Appendix 1.

Viral kinetic model
We extended a previously reported model for capturing SARS-CoV-2 viral kinetics to estimate the
viral proliferation time, viral clearance time, and peak viral load by variant and immune status (Kissler
et al., 2021a; Kissler et al., 2021b). The model approximates viral kinetics on a logarithmic scale as
a piecewise linear function, corresponding to an exponential increase of virus followed by an exponential clearance at possibly different rates. To estimate the relationship between booster status and
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viral kinetics, we first stratified the model by (1)
Omicron boosted and (2) Omicron non-boosted
individuals. There were too few boosted individuals who were infected with other variants to
reliably fit the model to non-Omicron infections.
Next, to estimate the relationship between antibody titer and viral kinetics, we stratified the
model by (1) Delta infections with titer ≤250,
(2) Delta infections with titer >250, (3) Omicron
infections with titer ≤250 (4) Omicron infections
with titer >250, and finally (5) non-Delta and nonOmicron infections in individuals who had not
had any prior exposure either through infection
or vaccination, to serve as a baseline. Stratification was accomplished by choosing a reference
category (Omicron BA.1 non-boosted in the first
analysis, non-Delta and non-Omicron infections
without prior exposure in the second analysis)
and fitting independent additive random effects
for the other categories. Full details on the fitting
procedure may be found in Kissler et al., 2021a;
Kissler et al., 2021b and Appendix 1.

Results
Data

Table 1. Characteristics of the documented
infections.
Counts (N) correspond to numbers of infections.
Variable

Category

N

Percent

Total

–

1280

100

Variant

Delta

180

14.1

Omicron BA.1

878

68.6

Other

222

17.3

Unvaccinated

228

17.8

6

0.5

Second dose

420

32.8

Boosted

626

48.9

13–250

473

37.0

250–800

504

39.4

Unknown

303

23.7

No

257

20.1

Yes

664

51.9

Unknown

359

28

Delayed
detection

877

68.5

Frequent testing

403

31.5

Vaccination
Status

Antibody Titer

Symptomatic

Detection
Speed

First dose

0–30
556
43.4
We initially identified 2,875 distinct infections from Age Group
2,678 individuals in this cohort (Appendix 1—
31–50
568
44.4
figure 1). By the time of their final test, 2,460
50+
155
12.1
(91.9%) individuals had one detected infection,
Unknown
1
0.1
214 (7.99%) had two detected infections, three
(0.11%) had three detected infections, and one Cumulative
1
1128
88.1
(0.04%) had four detected infections. None of Infection
2
149
11.6
the individuals received antiviral treatment. A Number
3
2
0.2
total of 587 infections were detected within 1
day of a prior negative PCR test result, and thus
4
1
0.1
the timing of the onset of test positivity can be
Days Since
Naïve (no prior
220
17.2
assumed with reasonable accuracy. We defined Previous
exposure)
these infections as the ‘frequent testing’ group. Exposure
<1 month
273
21.3
The remaining 2,288 infections were detected 2
1–3 months
403
31.5
days or more from a previous negative test result
or were detected with no prior negative test in
>3 months
384
30.0
the dataset. These were predominantly tests
following suspected exposure, recent symptom
onset, or periodic clearance for occupational
health requirements, and thus we consider this latter group of detections as a reasonable proxy for
infection detection in the absence of frequent testing, which is the case for most populations. We
define these infections as the ‘delayed detection’ group.
Of 1086 infections with known symptom status, 766 reported symptoms at some point during the
infection (70.5%). Individuals in the delayed detection group were more likely to be symptomatic than
in the frequent testing group (73.1% vs 64.9%; Chi-squared test statistic = 5.03; p-value <0.05). Most
symptomatic individuals were detected around the time of symptom onset (Appendix 1—figure 5;
median delay from detection to symptom onset of zero days (N=553) in the delayed detection group
and one day (N=171) in the frequent testing group). Symptom onset preceded the peak measured Ct
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value by a median of two days (N=550) in the delayed detection group and three days (N=171) in the
frequent testing group (Appendix 1—figure 6).
Based on genome sequencing, 1,561 infections were confirmed to be Omicron (one BA.2.10
isolate, the rest were lineages within BA.1), 266 confirmed to be Delta, and 247 confirmed as other
lineages. An additional 801 infections were not sequenced; however, due to the rapid replacement
of the circulating lineage in this cohort, we classified many of these as suspected Delta or other
lineages based on the dominant variant at time of detection (Appendix 1—figure 3). We excluded
non-sequenced samples following the detection of Omicron BA.1 due to the continued, albeit lowlevel, detection of Delta (N=490).
For further analysis, we reduced the dataset to a subset of 1,280 well-documented infections.
Beginning with the 2,875 infections, we removed those with an unknown lineage (n=490) and one
Omicron BA.2 infection, those with only binary test results (positive/negative but no Ct values; n=21),
those for which all Ct-based tests results were beyond 25 days after the time of first detection (n=12),
and those for which the vaccination status was missing (1,071). Characteristics of these infections are
listed in Table 1.

Interpersonal variation in viral RNA trajectories
Viral trajectories varied substantially across individuals regardless of variant (Figure 1A). To characterize the probability of an individual remaining potentially infectious on each day following detection,
defined as having a Ct <30, we fitted a logistic regression model with a smoothing spline on days
since detection as a predictor (more complex models are considered below). We fit this model to
the frequent testing and delayed detection groups separately (Appendix 1—figure 7). Most individuals (posterior mean: 65.4%, 95% credible intervals [CrI]: 62.0–68.8%) in the frequent testing group
remained potentially infectious on day 5 post detection. This fraction decreased to 20.0% (95% CrI:
17.3–22.8%) at day 10. In the delayed detection group, fewer individuals remained potentially infectious at days 5 and 10, likely because they were detected later in their infection. In this group, the
proportion with Ct <30 was 51.0% (95% credible interval (CrI): 48.3–53.6%) on day 5 post detection
and 9.37% (95% CrI: 7.98–10.9%) on day 10.

Incidence of rebounds
We next characterized the frequency of rebound viral RNA trajectories in this cohort. Viral rebounds
may be characterized by the duration of the “quiescent” period of low viral concentration between
distinct peaks, the duration of the subsequent rebound, and the timing of rebound onset relative
to infection, but no consensus definition of viral rebound based on these quantities exists. We
defined rebound as any viral trajectory with a decline in Ct value to <30 for 3+consecutive days of
tests (the rebound) after 3+consecutive days of tests with Ct ≥30 or a negative result (the quiescent period) following an initial Ct value <30 (the first detection of infection). Testing often ceased
following initial clearance, and thus to minimize the impact of right censoring we only considered
those trajectories with at least three days of tests with negative or Ct ≥30 following a Ct value <30
as the denominator (N=999). We detected seven viral rebounds under this definition. Less stringent
definitions led to more rebound classifications. For example, 40 (3.00%) of 1,334 infections were
identified as rebounds when only 2+consecutive days of Ct ≥30 followed by 2+days of Ct <30 was
required to be classified as such (Table 2; Figure 1B). All individual-level viral trajectories classified
as rebounds under this less stringent definition are shown in Appendix 1—figure 8 Under this
definition, we found that rebound infections were more likely in Omicron BA.1 infections, with 36
(4.10%; N=877) Omicron BA.1 infections resulting in rebound compared to one (0.562%; N=178)
and three (1.08%; N=279) Delta and other infections, respectively (Appendix 1—table 1; Chisquared test for Omicron BA.1 (N=877) vs. non-Omicron BA.1 infection (N=457), test statistic =
9.69, P-value <0.05). Similarly, we found that rebounds were more common in boosted individuals,
with 32 (6.48%; N=494) rebounds in boosted individuals vs. three (0.929%; N=323) and two (1.26%;
N=159) rebounds in vaccinated and unvaccinated individuals, respectively (Appendix 1—table 2;
Chi-squared test for boosted (N=494) vs. not-boosted (N=478) infection, test statistic = 18.1, Pvalue <1e-4).
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Figure 1. PCR Ct value trajectories for confirmed and suspected infections. (A) PCR Ct value trajectories for each acute Delta (red), Omicron BA.1 (blue),
and other (black) infection. Individuals are grouped by the gap between detection and their most recent negative or inconclusive PCR test (Frequent
testing vs. Delayed detection). Thick lines depict the mean Ct value over time, counting negative tests as Ct = 40. Thin lines depict individual level Ct
values over time. The horizontal dotted lines mark Ct = 30, which we consider here as a proxy for possible infectiousness and antigen test positivity.
(B) Subsets of PCR Ct value trajectories that were classified as rebounds, stratified by testing frequency group. Rebounds are defined here as any
trajectory with an initial Ct value <30, followed by a sequence of two or more consecutive negative tests or tests with Ct value ≥30, and subsequently
followed by two or more consecutive tests with Ct value <30.
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Table 2. Number of rebound infections classified under different definitions for initial clearance and
subsequent rebound.
Initial clearance
Rebound duration
duration (consecutive (days above Ct
Ct value threshold
days with Ct ≥30)
value threshold)
of rebound
Rebounds

Total

Percentage

≥4

≥4

Ct <30

0

749

0.00%

≥4

≥3

Ct <30

1

749

0.13%

≥4

≥2

Ct <30

4

749

0.53%

≥3

≥4

Ct <30

2

999

0.20%

≥3

≥3

Ct <30

7

999

0.70%

≥3

≥2

Ct <30

16

999

1.60%

≥2

≥4

Ct <30

7

1334

0.53%

≥2

≥3

Ct <30

18

1334

1.35%

≥2

≥2

Ct <30

40

1334

3.00%

≥4

≥4

Ct <25

0

749

0.00%

≥4

≥3

Ct <25

0

749

0.00%

≥4

≥2

Ct <25

0

749

0.00%

≥3

≥4

Ct <25

1

999

0.10%

≥3

≥3

Ct <25

1

999

0.10%

≥3

≥2

Ct <25

2

999

0.20%

≥2

≥4

Ct <25

1

1334

0.08%

≥2

≥3

Ct <25

2

1334

0.15%

≥2

≥2

Ct <25

5

1334

0.38%

Minimal differences across variants and vaccination histories in the
probability of having low Ct values over time
To assess differences in the duration of test positivity and infectiousness by age, variant and immune
status, we modeled the probability of an individual having Ct <30 on each day since detection. As a
baseline model, we fitted a logistic regression model with a smoothing spline on days since detection
as a predictor. We then fitted successively more complex models, adding independent categoryspecific smoothing splines for the interaction of age group (categorized as <30, 30–50 or >50 years
old), variant, and exposure history with days since detection (factorized), and compared their predictive accuracy using k-fold cross-validation. All models were fit to the frequent testing and delayed
detection datasets separately.
The best-performing model for predicting the time course of low Ct values included days since
detection stratified by the cumulative number of previous exposures (infection or vaccination) and its
interaction with variant, as well as age group (Appendix 1—table 3 and Appendix 1—table 4). This
indicates that the variation in low Ct values over time is better captured by models that account for
exposure history and age group than by models that account for time since detection alone. However,
the models stratified by vaccination status or days since previous exposure in addition to variant and
age group were also highly ranked, and the differences in classification accuracy among all of the
models was small. The baseline model, which included only the number of days since detection as a
predictor, gave an overall classification accuracy for an individual having Ct <30 or ≥30/negative of
81.7% with an AUC of 88.6% (group-level classification accuracies: Ct <30 = 60.6%; Ct ≥30/negative
= 89.0%) for the frequent testing group, and an overall classification accuracy of 84.2% with an AUC
of 90.5% (Ct <30 = 72.2%; Ct ≥30/negative = 88.0%) in the delayed detection group. In contrast, the
best model, which included the cumulative number of exposures, variant and age, gave an overall
classification accuracy of 82.8% with an AUC of 89.7% (Ct <30 = 64.7%; Ct ≥30/negative = 89.0%)
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Figure 2. Posterior estimates from a generalized linear model predicting probability of Ct value <30 with spline terms for the interaction between days
since detection with age group and the interaction between days since detection with vaccination status and variant. Shown are the marginal effects
of (A) vaccination status and (B) age group on the proportion of individuals with Ct <30 on each day post detection after conditioning on being an
Omicron BA.1 infection and (A) <30 years old (B) boosted at the time of infection. Solid colored lines and shaded ribbons show the posterior mean
(solid line) and 95% credible intervals (shaded ribbon) of each conditional effect. Dotted horizontal and vertical lines mark 5% probability and day 5 post
detection, respectively.

for the frequent testing group and an overall classification accuracy of 85.0% with an AUC of 91.4%
(Ct <30 = 71.2%; Ct ≥30/negative = 89.3%) in the delayed detection group. These results indicate
that while exposure histories help to explain mean viral RNA kinetics, they provide little assistance in
predicting an individual’s course of infectiousness over time, due to a high degree of individual-level
variation, which may be dominated by stochastic effects or other unmeasured characteristics.
Vaccination provides multiple layers of protection against SARS-CoV-2, leading to reduced rates
of infection (Tai et al., 2022) and faster clearance of the virus (Kissler et al., 2021b). Consistent
with these findings, individuals who received two vaccine doses prior to infection with pre-Delta
and pre-Omicron variants (N=12) cleared to negative results or high Ct values faster than unvaccinated individuals (N=209) (Appendix 1—figure 9). While boosting reduced rates of infection
in our cohort,(Tai et al., 2022) boosted individuals with Omicron BA.1 infections (N=615) tended
to sustain low Ct values for longer durations than individuals who had only undergone an initial
vaccine course (N=251), defined as either two doses of an mRNA vaccine or a single dose of the
Ad.26.COV2.S adenovirus vector-based vaccine (Figure 2A; Appendix 1—figure 9). This pattern
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was robust to refitting the model after excluding player infections, resulting in a subpopulation
more representative of the general population in age and health status (Appendix 1—figure 10).
We also found similar patterns after subsetting infections by their symptom status (Appendix 1—
figure 11).
It is important to consider the possible confounding effect of age, as boosted individuals in this
cohort were typically older than non-boosted individuals at the time of BA.1 infection (mean age
of 37.6 years in the BA-1 infected, boosted group vs. 31.3 years in the BA.1-infected, non-boosted
group). The regression model including age group, vaccination status and variant found that older
individuals do maintain Ct <30 for longer on average than younger individuals after conditioning on
vaccination status (Figure 2B). However, the effect of a higher proportion with Ct <30 in boosted individuals relative to non-boosted individuals also remained within each age group, suggesting that both
older age and booster status explain some variation in duration of Ct <30 (Appendix 1—figure 12).
Furthermore, models including age were almost universally better supported in the model comparison analysis and provided improvements in classification accuracy, but in both cases the gains were
small (Appendix 1—table 3 and Appendix 1—table 4).

Pre-Omicron antibody titer explains variation in viral RNA clearance
To assess the mechanisms behind the unexpected slower clearance in boosted Omicron BA.1 infections, we analyzed viral kinetics stratified by antibody titer. In addition to exposure history information, 979 individuals were tested at least once (1,017 measurements total) with the Diasorin Trimeric
Assay for antibody titers against the spike protein from the ancestral SARS-CoV-2 (WA1) strain
(Appendix 1—figure 13). Most titers were obtained from mid-September to mid-October 2021, and
thus we consider these titers to represent an individual’s post primary vaccination course response
rather than post-boost/post-Omicron infection immunity (Appendix 1—figure 2). The median
time between the most recent vaccine dose and the titer draw was 162 days (interquartile range:
129–180 days) (Appendix 1—figure 14).
We hypothesized that these single point-in-time SARS-CoV-2 antibody titer measurements represented a proxy of the strength of the immune response to SARS-CoV-2 and thus would be reflected in
the features of viral kinetics over the course of infection. A total of 494 measurements were classified
as low antibody titers (≤250 arbitrary units [AU]/ml) and 523 as high titers (>250 AU/ml). This cutoff
was chosen as a conservative upper bound for defining risk of Delta infection.
We fitted a logistic regression model for the probability of having Ct <30 on each day since detection, stratified by the interaction of an individual’s booster status and their pre-booster antibody titer
status, as well as an additional stratification by age group (Figure 3A). Boosted individuals with a low
antibody titer had the highest and longest duration of Ct <30 over time since detection in both the
frequent testing and delayed detection group. In the delayed detection group, individuals with low
antibody titers were more likely to have Ct <30 than individuals with high antibody titers regardless
of booster status, though boosted individuals with high antibody titers maintained Ct <30 for longer
than non-boosted individuals with low titers.
The results were consistent with an age group-level effect also contributing towards differences in
the proportion of individuals with Ct <30 over time. Trends were similar within each age group, but we
note that at this level of stratification the sample sizes for some subgroups are small and thus there is
considerable uncertainty for some combinations of age group, titer group, and vaccination status. We
found that younger BA.1-infected individuals had higher antibody titers on average than older BA.1infected individuals, but that BA.1-infected boosted individuals had consistently lower mean antibody
titers than BA.1-infected non-boosted individuals within each age group (Appendix 1—figure 15).
To account for potential confounding from waning immunity, in which low titers simply represent a
longer time since previous exposure, we restricted the dataset to include only individuals who had their
titer measured within 100–200 days of a previous exposure with the aim of comparing antibody titers
measured at a similar point in the waning process. We also repeated the analysis after restricting to
only infections detected 60–90 days following an antibody titer measurement, here aiming to include
only infections for which the measured titer reasonably proxies the titer at the time of infection. These
time windows were chosen to improve comparability of immune states while also retaining reasonably
large sample sizes. The trend of a higher and longer duration of Ct <30 in Omicron BA.1-infected,
boosted, low titer individuals was maintained in both sensitivity analyses (Appendix 1—figure 16).
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Figure 3. Effect of booster status, antibody titer against the founder SARS-CoV-2 strain and age group on the probability of Ct value <30 over days
post detection. (A) Proportion of Omicron BA.1 infections with Ct value <30 on each day post detection, stratified by age group and the interaction of
booster status at the time of infection and antibody titer group. Shown are posterior estimates from a generalized linear model predicting probability
of Ct <30 with a spline term on days since detection, conditional on titer/vaccination status category and age group. Solid lines show posterior mean
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arbitrary units (AU)/ml. Note also that stratification is by infection event and not individual, and that antibody titers were measured at a single point in
time rather than near the time of infection. The Diasorin Trimeric Assay values are truncated between 13 and 800 AU/ml.

Based on these findings, we hypothesized that boosted individuals who nevertheless were infected
with Omicron BA.1 may have had relatively poor BA.1-specific immune responses to prior SARSCoV-2 exposures, leading to longer infection durations. This is demonstrated by stratifying antibody
titers by variant and vaccination status at the time of infection (Figure 3B). Antibody titers were lower
among fully vaccinated individuals who were subsequently infected with Delta than individuals who
had been infected with a pre-Delta variant. This suggests that individuals with a high antibody titer at
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around the time of Delta circulation were less likely to be infected with Delta. In contrast, we found
that mean antibody titers among Omicron BA.1-infected, fully vaccinated individuals were similar to
individuals in the pre-Delta, unvaccinated group, suggesting that higher titer individuals were not
substantially less likely to be infected than lower titer individuals. Finally, we found that antibody titers
were lowest among Omicron BA.1 infected boosted individuals, suggesting that individuals with a
high titer measurement prior to being boosted were less likely to have Omicron BA.1 infections.

Figure 4. Estimated viral trajectories by variant and titer. Points depict measured Ct values, lines depict the estimated population mean viral
trajectories, and shaded regions depict the 95% credible intervals for the estimated population viral trajectories. (A) Non-Delta and non-Omicron
infections in individuals who were previously unexposed (no prior record of vaccination or infection), (B) Delta infections with titer ≤250, (C) Delta
infections with titer >250, (D) Omicron BA.1 infections with titer ≤250, (E) Omicron BA.1 infections with titer >250. Peak viral loads were higher for Delta
infections than for Omicron BA.1 infections when stratifying by titer (i and ii), and titers ≤250 were associated with higher viral loads when stratifying by
variant (iii and iv). Low titers were also associated with longer clearance times (v and vi).
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The effect of immune status and variant on viral proliferation, peak
viral RNA titers, and clearance
We next adapted a framework to estimate the impact of antibody titer, vaccination status, and variant
on peak viral RNA concentrations, proliferation phase duration, and clearance duration (Figure 4;
Kissler et al., 2021a; Kissler et al., 2021b). According to the viral kinetic model, and among Omicron
BA.1 infections, boosted individuals had a longer estimated viral clearance time than non-boosted
individuals (8.4 days (95% CrI: 8.0–8.7) vs. 6.2 days (95% CrI: 5.8–6.6), respectively), in line with the
results from the logistic regression model. Viral proliferation times and peak viral RNA were similar
among boosted and non-boosted individuals with Omicron BA.1 infections (Appendix 1—table 5).
When stratifying by post-initial vaccination antibody titer, Delta infections featured a consistently
higher peak viral RNA than Omicron BA.1 infections. Among Omicron BA.1 infections, high antibody
titers were associated with faster viral clearance times and lower peak viral RNA. Proliferation times
were similar across variants and titers (Appendix 1—table 6).
We fitted the viral RNA kinetic model to Omicron BA.1 infections after stratifying individuals based
on their symptom status as well as vaccination status or antibody titer group. We found the same
pattern of longer clearance times for boosted individuals relative to fully vaccinated individuals, with
symptomatic boosted individuals demonstrating longer clearance times than asymptomatic boosted
individuals (Appendix 1—table 7). Among those with low antibody titer, presence of symptoms was
associated with higher peak viral RNA and longer clearance times, while for those with high antibody
titer, peak viral RNA and clearance times were similar between symptom statuses (Appendix 1—table
8).
Finally, we fitted the models allowing for BA.1 viral RNA kinetics to vary by age in addition to vaccination status or antibody titer. Consistent with the logistic regression results, older individuals demonstrated longer average clearance times than younger individuals across vaccination and antibody
titer groups. When stratifying by immune status, individuals aged 50+years took between roughly
1–2 days longer to clear than individuals aged 30–50, and 2–3 days longer to clear than individuals
under 30 (Appendix 1—table 9 and Appendix 1—table 10). However, we still found a consistent
effect of antibody titer and booster status on clearance time despite this additional age effect. Individuals with low antibody titer and boosted individuals took 1–2 days longer to clear than individuals
with high antibody titer and non-boosted individuals in both the <30 and 30–50 year age groups
(Appendix 1—table 9 and Appendix 1—table 10).

Discussion
We found that individuals infected with SARS-CoV-2 often had Ct values <30 beyond the five-day
isolation period following SARS-CoV-2 infection currently recommended by the CDC (Centers for
Disease Control and Prevention, 2022). This finding is in line with other studies measuring Ct values
from upper respiratory tract samples, the duration of antigen test positivity, and the duration of infectious viral load or culturable virus (Boucau et al., 2022a; Earnest et al., 2022; Ke et al., 2022;
Landon et al., 2022; Lefferts et al., 2022). While we do not have data on infectiousness by day to
clarify the exact link between Ct and infectiousness, nearly half of the individuals in this cohort had
potentially infectious viral loads (Ct <30) five days after their initial detection, even in those detected
later in their infection course (Singanayagam et al., 2020). By day 10, the number of individuals with
Ct <30 was substantially reduced but still high. The duration of positivity was highly variable across
individuals, and low Ct values consistent with potential infectiousness were sometimes maintained for
up to two weeks. These observations suggest the use of test-based, rather than time-based, protocols
for defining the duration of isolation to limit the spread of SARS-CoV-2.
Rebounds with recurrence of symptoms and positive rapid antigen tests after a period of negative
test results have been increasingly reported in individuals treated with SARS-CoV-2 antiviral drugs
(Boucau et al., 2022b; Charness et al., 2022), but estimates for the frequency of viral rebounds in the
absence of antiviral treatment have been lacking. Among infected boosted individuals in this cohort,
who were predominantly infected with Omicron BA.1, we detected seven rebounds in viral trajectory,
stringently defined as any Ct value trajectory with at least three consecutive days of negative tests
or tests with Ct ≥30 after the initial peak followed by 3threeor more consecutive days with Ct <30.
However, more rebounds were detected when using less stringent Ct value-based definitions and
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were more frequent in Omicron BA.1-infected or boosted individuals, occurring in ~6% of infections
in contrast to ~1% of infections in the pre-booster pre-Omicron phase of the pandemic. It was not
routine for testing to continue following suspected clearance in this cohort, and thus these results
may represent a lower bound on the incidence of rebound infections. The frequency of viral trajectory
rebounds depends on the definition of ‘rebound’, highlighting the need for standardized definitions
to enable comparisons across studies. We did not measure the recurrence of culturable virus during
these resurgent low Ct periods, and thus further work is needed to understand if viral RNA rebounds
are a reliable proxy for infectivity. Moreover, we did not have sufficient information to define rebounds
with respect to clearance and recurrence of symptoms, though the experience of the occupational
health team is that rebounds of a clinical nature have been extremely rare, with only one documented
case (Mack et al., 2021). Overall, these findings suggest that symptom monitoring after clearing
isolation may be warranted, and a return to isolation may be necessary for individuals with rebound
infections (Charness et al., 2022).
Boosted individuals in this cohort were less likely to be infected with Omicron BA.1, (Tai et al.,
2022) and those who had a breakthrough infection tended to have a low antibody titer measurement
to the WA1 spike protein after their initial vaccine course. In this context, test positivity following
Omicron BA.1 infection lasted longer for boosted individuals than for non-boosted individuals,
regardless of symptom status. This observation was further supported by a viral kinetic model that
found longer clearance times for Omicron BA.1 infections in boosted relative to non-boosted individuals. Moreover, high antibody titers to the WA1 spike protein were associated with lower peak viral
RNA concentrations and faster clearance times for both Delta and Omicron BA.1 infections. Together,
these results suggest that the low antibody titers in infected boosted individuals conferred increased
risk for infection as well as slower control and clearance of infection.
The effect of age on viral kinetics complicates the interpretation of these findings. Prior to the
detection of Omicron BA.1, older individuals have been found to take longer to clear infection on
average than younger individuals (Caputo et al., 2021; Cevik et al., 2021; Jones et al., 2021;
Long et al., 2021; Néant et al., 2021; Singanayagam et al., 2022). However, these findings are
not unequivocal, as a previous systematic review found the effect of age on viral kinetics was diminished after accounting for disease severity (Chen et al., 2021). Our data support an effect of age on
viral clearance times, with longer times from peak to clearance in individuals >50 years compared
to those <30 years regardless of variant and immune state. In this cohort, older individuals were
more likely to be boosted prior to becoming infected with BA.1 than younger individuals, and thus
the finding of delayed clearance in BA.1-infected, boosted individuals can be partially attributed to
delayed clearance in older individuals. However, we found consistent delayed clearance in boosted
relative to non-boosted individuals within each age group, notably in the <30 years group. Furthermore, the pattern of lower antibody titers to WA1 spike in BA.1-infected, boosted individuals relative
to BA.1-infected, non-boosted individuals was also consistent within each age group, suggesting that
low WA1 spike titers correlate with increased infection risk and slower clearance in addition to any
age-specific effects.
An important limitation of this study is that the cohort is not representative of the general population, as it is predominately male, young, and includes professional athletes. However, our key findings
were preserved in analyses after excluding the players. We did not test for the presence of infectious
virus, and our findings are based on Ct values obtained from combined nasal and oropharyngeal
swabs.(Ke et al., 2022) While low Ct values have been associated with potential infectiousness and
antigen test positivity (Bullard et al., 2020; Jaafar et al., 2021; Jefferson et al., 2020; Singanayagam et al., 2020), this is an imperfect proxy. It is possible that some infections were undetected, and
thus the reported number of prior infections should be interpreted as a lower bound for each member
of the cohort. SARS-CoV-2 antibody titers were only measured from mid-September to mid-October
2021 and were taken at varying time points after initial vaccination course (between 0 and 290 days),
so we could not assess the relationship between antibody waning and viral kinetics. Antibody titers
were measured against the spike protein of the WA1 lineage, which correlate poorly with protection
against the antigenically distinct Omicron lineages; thus, it is unclear how these data are associated
specifically to Omicron-immunity, beyond representing a proxy for overall immune response.
Variants and immune statuses interact, sometimes in unexpected ways, to produce viral kinetics
that differ in duration and intensity. Collecting longitudinal viral load data in more diverse cohorts will
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help to ensure that isolation and quarantine policies are based on the best available evidence and
will help to properly contextualize results from ongoing drug and vaccine trials. Similarly, our findings
suggest that SARS-CoV-2 control measures may be better informed by measurements of immune
status than proxies such as number or timing of receipt of vaccine doses or of infections. Testing this
hypothesis will require widespread collection and analysis of serological, infection, and vaccination
data in diverse cohorts and broader availability of quantitative antibody tests designed for the spike
protein of Omicron lineages.

Acknowledgements
Supported in part by CDC contract #200-2016-91779, a sponsored research agreement to Yale
University from the National Basketball Association contract #21–003529, and the National Basketball
Players Association.

Additional information
Competing interests
Stephen M Kissler: SMK has a consulting agreement with the NBA. Joseph R Fauver, Nathan D
Grubaugh: has a consulting agreement for Tempus and receives financial support from Tempus to
develop SARS-CoV-2 diagnostic tests. Christina Mack, Caroline G Tai, Radhika M Samant, Sarah
Connolly: is an employee of IQVIA, Real World Solutions. Deverick J Anderson: is co-owner of Infection Control Education for Major Sports. Gaurav Khullar, Matthew MacKay, Miral Patel, Shannan Kelly,
April Manhertz, Isaac Eiter, Daisy Salgado, Tim Baker, Ben Howard, Joel T Dudley, Christopher E
Mason: is an employee of Tempus Labs. John DiFiori: is an employee of the NBA. Yonatan H Grad: has
a consulting agreement with the NBA. The other authors declare that no competing interests exist.
Funding
Funder

Grant reference number

Author

Centers for Disease
Control and Prevention

200-2016-91779

Yonatan H Grad

National Basketball
Association

21-003529

Nathan D Grubaugh

The funders had no role in study design, data collection and interpretation, or the
decision to submit the work for publication.

Author contributions
James A Hay, Stephen M Kissler, Conceptualization, Data curation, Software, Formal analysis, Validation, Investigation, Visualization, Methodology, Writing – original draft, Writing – review and
editing; Joseph R Fauver, Data curation, Formal analysis, Validation, Investigation, Methodology,
Writing – review and editing; Christina Mack, Conceptualization, Data curation, Formal analysis,
Investigation, Methodology, Writing – original draft, Project administration, Writing – review and
editing; Caroline G Tai, Data curation, Formal analysis, Investigation, Methodology, Project administration, Writing – review and editing; Radhika M Samant, Sarah Connolly, Gaurav Khullar, Matthew
MacKay, Miral Patel, Shannan Kelly, April Manhertz, Isaac Eiter, Daisy Salgado, Tim Baker, Ben
Howard, Joel T Dudley, Christopher E Mason, Data curation, Writing – review and editing; Deverick
J Anderson, John DiFiori, Investigation, Writing – review and editing; Manoj Nair, Yaoxing Huang,
Data curation, Formal analysis, Investigation, Writing – review and editing; David D Ho, Formal analysis, Investigation, Writing – review and editing; Nathan D Grubaugh, Conceptualization, Resources,
Data curation, Formal analysis, Supervision, Funding acquisition, Validation, Investigation, Visualization, Methodology, Project administration, Writing – review and editing; Yonatan H Grad, Conceptualization, Resources, Formal analysis, Supervision, Funding acquisition, Validation, Investigation,
Visualization, Methodology, Writing – original draft, Project administration, Writing – review and
editing

Hay, Kissler, Fauver et al. eLife 2022;11:e81849. DOI: https://doi.org/10.7554/eLife.81849

15 of 40

Epidemiology and Global Health | Immunology and Inflammation

Research article

Author ORCIDs
James A Hay http://orcid.org/0000-0002-1998-1844
Stephen M Kissler http://orcid.org/0000-0003-3062-7800
Manoj Nair http://orcid.org/0000-0002-5994-3957
Yonatan H Grad http://orcid.org/0000-0001-5646-1314
Decision letter and Author response
Decision letter https://doi.org/10.7554/eLife.81849.sa1
Author response https://doi.org/10.7554/eLife.81849.sa2

Additional files
Supplementary files
tMDAR checklist
Data availability
All code and data required to reproduce the analyses are available at https://github.com/gradlab/SC2kinetics-immune-history, (copy archived at swh:1:rev:4cd9f83213c178d148ae59a245f93beec3ace825).

References
Aksamentov I, Neher R. 2021. NextClade. The Journal of Open Source Software 6:3773. DOI: https://doi.org/
10.21105/joss.03773
BaseSpace Labs. 2021. DRAGEN COVID lineage. 3.5.9. Illumina. https://sapac.illumina.com/products/by-type/
informatics-products/basespace-sequence-hub/apps/dragen-covid-lineage.html
Boucau J, Marino C, Regan J, Uddin R, Choudhary MC, Flynn JP, Chen G, Stuckwisch AM, Mathews J, Liew MY,
Singh A, Lipiner T, Kittilson A, Melberg M, Li Y, Gilbert RF, Reynolds Z, Iyer SL, Chamberlin GC, Vyas TD, et al.
2022a. Duration of shedding of culturable virus in SARS-cov-2 omicron (BA.1) infection. The New England
Journal of Medicine 387:275–277. DOI: https://doi.org/10.1056/NEJMc2202092, PMID: 35767428
Boucau J, Uddin R, Marino C, Regan J, Flynn JP, Choudhary MC, Chen G, Stuckwisch AM, Mathews J, Liew MY,
Singh A, Reynolds Z, Iyer SL, Chamberlin GC, Vyas TD, Vyas JM, Turbett SE, Li JZ, Lemieux JE, Barczak AK,
et al. 2022b. Virologic Characterization of Symptom Rebound Following Nirmatrelvir-Ritonavir Treatment for
COVID-19. medRxiv. DOI: https://doi.org/10.1101/2022.05.24.22275326
Brihn A, Chang J, OYong K, Balter S, Terashita D, Rubin Z, Yeganeh N. 2021. Diagnostic performance of an
antigen test with RT-PCR for the detection of SARS-cov-2 in a hospital setting-Los Angeles County, California,
june-august 2020. MMWR. Morbidity and Mortality Weekly Report 70:702–706. DOI: https://doi.org/10.15585/
mmwr.mm7019a3, PMID: 33983916
Bullard J, Dust K, Funk D, Strong JE, Alexander D, Garnett L, Boodman C, Bello A, Hedley A, Schiffman Z,
Doan K, Bastien N, Li Y, Caeseele PG, Poliquin G. 2020. Predicting infectious SARS-cov-2 from diagnostic
samples. Clinical Infectious Diseases: An Official Publication of the Infectious Diseases Society of America
71:2663–2666.
Bürkner PC. 2022. Brms: an R package for bayesian multilevel models using stan. Journal of Statistical Software
80:1–28. DOI: https://doi.org/10.18637/jss.v080.i01
Caputo V, Termine A, Fabrizio C, Calvino G, Luzzi L, Fusco C, Ingrascì A, Peconi C, D’Alessio R, Mihali S,
Trastulli G, Megalizzi D, Cascella R, Rossini A, Salvia A, Strafella C, Giardina E. 2021. Age and sex modulate
SARS-cov-2 viral load kinetics: A longitudinal analysis of 1735 subjects. Journal of Personalized Medicine
11:882. DOI: https://doi.org/10.3390/jpm11090882, PMID: 34575659
Carpenter B. 2017. Stan: A probabilistic programming language. Journal of Statistical Software 76:1–32. DOI:
https://doi.org/10.18637/jss.v076.i01
Centers for Disease Control and Prevention. 2022. COVID-19 Quarantine and Isolation. https://www.cdc.gov/
coronavirus/2019-ncov/your-health/quarantine-isolation.html [Accessed May 10, 2022].
Cevik M, Tate M, Lloyd O, Maraolo AE, Schafers J, Ho A. 2021. SARS-cov-2, SARS-CoV, and MERS-CoV viral load
dynamics, duration of viral shedding, and infectiousness: a systematic review and meta-analysis. The Lancet.
Microbe 2:e13–e22. DOI: https://doi.org/10.1016/S2666-5247(20)30172-5, PMID: 33521734
Charness M, Gupta K, Stack G, Strymish J, Adams E, Lindy D, Mohri H, Ho D. 2022. Rapid relapse of
symptomatic omicron SARS-cov-2 infection following early suppression with nirmatrelvir/ritonavir. Research
Square 1:v3. DOI: https://doi.org/10.21203/rs.3.rs-1588371/v3
Chen PZ, Bobrovitz N, Premji ZA, Koopmans M, Fisman DN, Gu FX. 2021. SARS-cov-2 shedding dynamics across
the respiratory tract, sex, and disease severity for adult and pediatric COVID-19. eLife 10:e70458. DOI: https://
doi.org/10.7554/eLife.70458, PMID: 34414888
Earnest R, Chen C, Chaguza C, Grubaugh ND, Wilson MS, the Yale COVID-19 Resulting and Isolation Team.
2022. Daily Rapid Antigen Testing in a University Setting to Inform COVID-19 Isolation Duration Policy.
[medRxiv]. DOI: https://doi.org/10.1101/2022.03.11.22272264

Hay, Kissler, Fauver et al. eLife 2022;11:e81849. DOI: https://doi.org/10.7554/eLife.81849

16 of 40

Research article

Epidemiology and Global Health | Immunology and Inflammation
Hellewell J, Russell TW, SAFER Investigators and Field Study Team, Crick COVID-19 Consortium, CMMID
COVID-19 working group, Beale R, Kelly G, Houlihan C, Nastouli E, Kucharski AJ. 2021. Estimating the
effectiveness of routine asymptomatic PCR testing at different frequencies for the detection of SARS-cov-2
infections. BMC Medicine 19:1–10. DOI: https://doi.org/10.1186/s12916-021-01982-x, PMID: 33902581
Jaafar R, Aherfi S, Wurtz N, Grimaldier C, Van Hoang T, Colson P, Raoult D, La Scola B. 2021. Correlation
between 3790 quantitative polymerase chain reaction-positives samples and positive cell cultures, including
1941 severe acute respiratory syndrome coronavirus 2 isolates. Clinical Infectious Diseases 72:e921. DOI:
https://doi.org/10.1093/cid/ciaa1491, PMID: 32986798
Jefferson T, Spencer EA, Brassey J, Heneghan C. 2020. Viral cultures for coronavirus disease 2019 infectivity
assessment: A systematic review. Clinical Infectious Diseases 73:e3884–e3899. DOI: https://doi.org/10.1093/
cid/ciaa1764, PMID: 33270107
Jones TC, Biele G, Mühlemann B, Veith T, Schneider J, Beheim-Schwarzbach J, Bleicker T, Tesch J, Schmidt ML,
Sander LE, Kurth F, Menzel P, Schwarzer R, Zuchowski M, Hofmann J, Krumbholz A, Stein A, Edelmann A,
Corman VM, Drosten C. 2021. Estimating infectiousness throughout SARS-cov-2 infection course. Science
373:eabi5273. DOI: https://doi.org/10.1126/science.abi5273, PMID: 34035154
Ke R, Zitzmann C, Ho DD, Ribeiro RM, Perelson AS. 2021. In vivo kinetics of SARS-cov-2 infection and its
relationship with a person’s infectiousness. PNAS 118:e2111477118. DOI: https://doi.org/10.1073/pnas.
2111477118, PMID: 34857628
Ke R, Martinez PP, Smith RL, Gibson LL, Mirza A, Conte M, Gallagher N, Luo CH, Jarrett J, Zhou R, Conte A,
Liu T, Farjo M, Walden KKO, Rendon G, Fields CJ, Wang L, Fredrickson R, Edmonson DC, Baughman ME, et al.
2022. Daily longitudinal sampling of SARS-cov-2 infection reveals substantial heterogeneity in infectiousness.
Nature Microbiology 7:640–652. DOI: https://doi.org/10.1038/s41564-022-01105-z, PMID: 35484231
Khoury DS, Cromer D, Reynaldi A, Schlub TE, Wheatley AK, Juno JA, Subbarao K, Kent SJ, Triccas JA,
Davenport MP. 2021. Neutralizing antibody levels are highly predictive of immune protection from symptomatic
SARS-cov-2 infection. Nature Medicine 27:1205–1211. DOI: https://doi.org/10.1038/s41591-021-01377-8,
PMID: 34002089
Kissler SM, Fauver JR, Mack C, Olesen SW, Tai C, Shiue KY, Kalinich CC, Jednak S, Ott IM, Vogels CBF,
Wohlgemuth J, Weisberger J, DiFiori J, Anderson DJ, Mancell J, Ho DD, Grubaugh ND, Grad YH. 2021a. Viral
dynamics of acute SARS-cov-2 infection and applications to diagnostic and public health strategies. PLOS
Biology 19:e3001333. DOI: https://doi.org/10.1371/journal.pbio.3001333, PMID: 34252080
Kissler SM, Fauver JR, Mack C, Tai CG, Breban MI, Watkins AE, Samant RM, Anderson DJ, Metti J, Khullar G,
Baits R, MacKay M, Salgado D, Baker T, Dudley JT, Mason CE, Ho DD, Grubaugh ND, Grad YH. 2021b. Viral
dynamics of SARS-cov-2 variants in vaccinated and unvaccinated persons. The New England Journal of
Medicine 385:2489–2491. DOI: https://doi.org/10.1056/NEJMc2102507, PMID: 34941024
Landon E, Bartlett AH, Marrs R, Guenette C, Weber SG, Mina MJ. 2022. High Rates of Rapid Antigen Test
Positivity after 5 Days of Isolation for COVID-19. [medRxiv]. DOI: https://doi.org/10.1101/2022.02.01.22269931
Larremore DB, Wilder B, Lester E, Shehata S, Burke JM, Hay JA, Tambe M, Mina MJ, Parker R. 2021. Test
sensitivity is secondary to frequency and turnaround time for COVID-19 screening. Science Advances
7:eabd5393. DOI: https://doi.org/10.1126/sciadv.abd5393, PMID: 33219112
Lefferts B, Blake I, Bruden D, Hagen MB, Hodges E, Kirking HL, Bates E, Hoeldt A, Lamont B, Saydah S,
MacNeil A, Bruce MG, Plumb ID. 2022. Antigen test positivity after COVID-19 isolation - yukon-kuskokwim
delta region, alaska, january-february 2022. MMWR. Morbidity and Mortality Weekly Report 71:293–298. DOI:
https://doi.org/10.15585/mmwr.mm7108a3, PMID: 35202352
Liu L, Iketani S, Guo Y, Chan JFW, Wang M, Liu L, Luo Y, Chu H, Huang Y, Nair MS, Yu J, Chik KKH, Yuen TTT,
Yoon C, To KKW, Chen H, Yin MT, Sobieszczyk ME, Huang Y, Wang HH, et al. 2021. Striking antibody evasion
manifested by the omicron variant of SARS-cov-2. Nature 602:676–681. DOI: https://doi.org/10.1038/
s41586-021-04388-0, PMID: 35016198
Long H, Zhao J, Zeng HL, Lu QB, Fang LQ, Wang Q, Wu QM, Liu W. 2021. Prolonged viral shedding of SARScov-2 and related factors in symptomatic COVID-19 patients: a prospective study. BMC Infectious Diseases
21:1–10. DOI: https://doi.org/10.1186/s12879-021-07002-w, PMID: 34961470
Lusvarghi S, Pollett SD, Neerukonda SN, Wang W, Wang R, Vassell R, Epsi NJ, Fries AC, Agan BK, Lindholm DA,
Colombo CJ, Mody R, Ewers EC, Lalani T, Ganesan A, Goguet E, Hollis-Perry M, Coggins SA, Simons MP,
Katzelnick LC, et al. 2022. SARS-cov-2 BA.1 variant is neutralized by vaccine booster-elicited serum but evades
most convalescent serum and therapeutic antibodies. Science Translational Medicine 14:eabn8543. DOI:
https://doi.org/10.1126/scitranslmed.abn8543, PMID: 35380448
Mack CD, DiFiori J, Tai CG, Shiue KY, Grad YH, Anderson DJ, Ho DD, Sims L, LeMay C, Mancell J, Maragakis LL.
2021. SARS-cov-2 transmission risk among national basketball association players, staff, and vendors exposed
to individuals with positive test results after COVID-19 recovery during the 2020 regular and postseason. JAMA
Internal Medicine 181:960–966. DOI: https://doi.org/10.1001/jamainternmed.2021.2114, PMID: 33885715
Mack CD, Wasserman EB, Killerby ME, Soelaeman RH, Hall AJ, MacNeil A, Anderson DJ, Walton P, Pasha S,
Myers E, O’Neal CS, Hostler CJ, Singh N, Mayer T, Sills A. 2022. Results from a test-to-release from isolation
strategy among fully vaccinated national football League players and staff members with COVID-19-United
States, December 14-19, 2021. MMWR. Morbidity and Mortality Weekly Report 71:299–305. DOI: https://doi.
org/10.15585/mmwr.mm7108a4, PMID: 35202355
Marc A, Kerioui M, Blanquart F, Bertrand J, Mitjà O, Corbacho-Monné M, Marks M, Guedj J. 2021. Quantifying
the relationship between SARS-cov-2 viral load and infectiousness. eLife 10:e69302. DOI: https://doi.org/10.
7554/eLife.69302, PMID: 34569939

Hay, Kissler, Fauver et al. eLife 2022;11:e81849. DOI: https://doi.org/10.7554/eLife.81849

17 of 40

Research article

Epidemiology and Global Health | Immunology and Inflammation
Marks M, Millat-Martinez P, Ouchi D, Roberts CH, Alemany A, Corbacho-Monné M, Ubals M, Tobias A, Tebé C,
Ballana E, Bassat Q, Baro B, Vall-Mayans M, G-Beiras C, Prat N, Ara J, Clotet B, Mitjà O. 2021. Transmission of
COVID-19 in 282 clusters in Catalonia, Spain: a cohort study. The Lancet. Infectious Diseases 21:629–636. DOI:
https://doi.org/10.1016/S1473-3099(20)30985-3, PMID: 33545090
Néant N, Lingas G, Le Hingrat Q, Ghosn J, Engelmann I, Lepiller Q, Gaymard A, Ferré V, Hartard C, Plantier JC,
Thibault V, Marlet J, Montes B, Bouiller K, Lescure FX, Timsit JF, Faure E, Poissy J, Chidiac C, Raffi F, et al. 2021.
Modeling SARS-cov-2 viral kinetics and association with mortality in hospitalized patients from the french
COVID cohort. PNAS 118:e2017962118. DOI: https://doi.org/10.1073/pnas.2017962118, PMID: 33536313
Pilarowski G, Lebel P, Sunshine S, Liu J, Crawford E, Marquez C, Rubio L, Chamie G, Martinez J, Peng J, Black D,
Wu W, Pak J, Laurie MT, Jones D, Miller S, Jacobo J, Rojas S, Rojas S, Nakamura R, et al. 2021. Performance
characteristics of a rapid severe acute respiratory syndrome coronavirus 2 antigen detection assay at a public
plaza testing site in San Francisco. The Journal of Infectious Diseases 223:1139–1144. DOI: https://doi.org/10.
1093/infdis/jiaa802, PMID: 33394052
Puhach O, Adea K, Hulo N, Sattonnet P, Genecand C, Iten A, Jacquérioz F, Kaiser L, Vetter P, Eckerle I, Meyer B.
2022. Infectious viral load in unvaccinated and vaccinated individuals infected with ancestral, delta or omicron
SARS-cov-2. Nature Medicine 28:1491–1500. DOI: https://doi.org/10.1038/s41591-022-01816-0
Quilty BJ, Clifford S, Hellewell J, Russell TW, Kucharski AJ, Flasche S, Edmunds WJ, Atkins KE, Foss AM,
Waterlow NR, Abbas K, Lowe R, Pearson CAB, Funk S, Rosello A, Knight GM, Bosse NI, Procter SR,
Gore-Langton GR, Davies NG. 2021. Quarantine and testing strategies in contact tracing for SARS-cov-2: a
modelling study. The Lancet. Public Health 6:e175–e183. DOI: https://doi.org/10.1016/S2468-2667(20)30308X, PMID: 33484644
Rambaut A, Holmes EC, O’Toole Á, Hill V, McCrone JT, Ruis C, du Plessis L, Pybus OG. 2020. A dynamic
nomenclature proposal for SARS-cov-2 lineages to assist genomic epidemiology. Nature Microbiology
5:1403–1407. DOI: https://doi.org/10.1038/s41564-020-0770-5, PMID: 32669681
Singanayagam A, Patel M, Charlett A, Lopez Bernal J, Saliba V, Ellis J, Ladhani S, Zambon M, Gopal R. 2020.
Duration of infectiousness and correlation with RT-PCR cycle threshold values in cases of COVID-19, england,
january to may 2020. Eurosurveillance 25:2001483. DOI: https://doi.org/10.2807/1560-7917.ES.2020.25.32.
2001483
Singanayagam A, Hakki S, Dunning J, Madon KJ, Crone MA, Koycheva A, Derqui-Fernandez N, Barnett JL,
Whitfield MG, Varro R, Charlett A, Kundu R, Fenn J, Cutajar J, Quinn V, Conibear E, Barclay W, Freemont PS,
Taylor GP, Ahmad S, et al. 2022. Community transmission and viral load kinetics of the SARS-cov-2 delta
(B.1.617.2) variant in vaccinated and unvaccinated individuals in the UK: a prospective, longitudinal, cohort
study. The Lancet. Infectious Diseases 22:183–195. DOI: https://doi.org/10.1016/S1473-3099(21)00648-4,
PMID: 34756186
Sun K, Wang W, Gao L, Wang Y, Luo K, Ren L, Zhan Z, Chen X, Zhao S, Huang Y, Sun Q, Liu Z, Litvinova M,
Vespignani A, Ajelli M, Viboud C, Yu H. 2021. Transmission heterogeneities, kinetics, and controllability of
SARS-cov-2. Science 371:eabe2424. DOI: https://doi.org/10.1126/science.abe2424, PMID: 33234698
Tai CG, Maragakis LL, Connolly S, DiFiori J, Anderson DJ, Grad YH, Mack CD. 2022. Association between
COVID-19 booster vaccination and omicron infection in a highly vaccinated cohort of players and staff in the
national basketball association. JAMA 328:209–211. DOI: https://doi.org/10.1001/jama.2022.9479, PMID:
35653123
Thommes L, Burkert FR, Öttl KW, Goldin D, Loacker L, Lanser L, Griesmacher A, Theurl I, Weiss G,
Bellmann-Weiler R. 2021. Comparative evaluation of four SARS-cov-2 antigen tests in hospitalized patients.
International Journal of Infectious Diseases 105:144–146. DOI: https://doi.org/10.1016/j.ijid.2021.02.052,
PMID: 33609774
van der Straten K, Guerra D, van Gils MJ, Bontjer I, Caniels TG, van Willigen HDG, Wynberg E, Poniman M,
Burger JA, Bouhuijs JH, van Rijswijk J, Olijhoek W, Liesdek MH, Lavell AHA, Appelman B, Sikkens JJ,
Bomers MK, Han AX, Nichols BE, Prins M, et al. 2022. Mapping the antigenic diversification of SARS-cov-2.
Infectious Diseases 01:21268582. DOI: https://doi.org/10.1101/2022.01.03.21268582
Vogels CBF, Breban MI, Ott IM, Alpert T, Petrone ME, Watkins AE, Kalinich CC, Earnest R, Rothman JE,
Goes de Jesus J, Morales Claro I, Magalhães Ferreira G, Crispim MAE, Brazil-UK CADDE Genomic Network,
Singh L, Tegally H, Anyaneji UJ, Network for Genomic Surveillance in South Africa, Hodcroft EB, Mason CE,
et al. 2021. Multiplex qPCR discriminates variants of concern to enhance global surveillance of SARS-cov-2.
PLOS Biology 19:e3001236. DOI: https://doi.org/10.1371/journal.pbio.3001236, PMID: 33961632
Wang P, Nair MS, Liu L, Iketani S, Luo Y, Guo Y, Wang M, Yu J, Zhang B, Kwong PD, Graham BS, Mascola JR,
Chang JY, Yin MT, Sobieszczyk M, Kyratsous CA, Shapiro L, Sheng Z, Huang Y, Ho DD. 2021. Antibody
resistance of SARS-cov-2 variants B.1.351 and B.1.1.7. Nature 593:130–135. DOI: https://doi.org/10.1038/
s41586-021-03398-2, PMID: 33684923

Hay, Kissler, Fauver et al. eLife 2022;11:e81849. DOI: https://doi.org/10.7554/eLife.81849

18 of 40

Epidemiology and Global Health | Immunology and Inflammation

Research article

Appendix 1
Logistic regression models
Model fitting
We fitted Bayesian logistic regression models for the probability of an individual having Ct value <30
on each day post detection using the brms package version 2.14.4. Models were run on the Harvard
FAS Research Computing cluster using R version 4.0.2. For each model, we ran four chains for
2000 iterations each. Weakly informative priors (normal distributions with means of 0 and standard
deviations of 10) were used for all model parameters. We assessed convergence based on all
estimated parameters having a Gelman R-hat statistic less than 1.1.

Viral kinetics model
Statistical analysis
Following previously described methods, (Kissler et al., 2021a; Kissler et al., 2021b) we used a
Bayesian hierarchical model to estimate the proliferation duration, clearance duration, and peak viral
concentration for acute SARS-CoV-2 infections, stratified by variant (Omicron, Delta, Other),immune
status (vaccination history, including unexposed, 1–2 doses, or boosted; and antibody titer, including
unexposed, titer ≤250 AU, and titer >250 AU) and age (groups of <30, 30–50, and >50 years old).
The model describes the log10 viral concentration during an acute infection using a continuous
piecewise-linear curve with control points that specify the time of acute infection onset, the time and
magnitude of peak viral concentration, and the time of acute infection clearance. The assumption of
piecewise linearity is equivalent to assuming exponential viral growth during the proliferation period
followed by exponential viral decay during the clearance period. The control points were inferred
using the Hamiltonian Monte Carlo algorithm as implemented in Stan (version 2.24) (Carpenter,
2017). We used priors informed by a previous analyses (Kissler et al., 2021a; Kissler et al., 2021b).
Data and code are available online.

Model fitting
To restrict to a set of well-observed acute infections for model fitting, we first removed any sequences
of three or more consecutive negative tests (Ct = 40) from each acute infection to avoid overfitting
to these trivial values. We kept only acute infections with at least one Ct value <32 and at least three
Ct values <40 (the limit of detection).
We constructed a piecewise-linear regression model to estimate the peak Ct value, the time
from infection onset to peak (i.e. the duration of the proliferation stage), and the time from peak
to infection resolution (i.e. the duration of the clearance stage). This is represented by the equation
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&<$U U >
MPE − δ

δ
UQ −UP U − UP
δ
UQ −UP U − UQ

U ≤ UQ
U  UQ

Here, E[Ct(t)] represents the expected value of the Ct at time t, “l.o.d” represents the RT-qPCR
limit of detection, į is the absolute difference in Ct between the limit of detection and the peak
(lowest) Ct, and to, tp, and tr are the onset, peak, and recovery times, respectively.
Before fitting, we re-parametrized the model using the following definitions:
t ∆Ct(t)=l.o.d. – Ct(t) is the difference between the limit of detection and the observed Ct value
at time t.
t Ȧp=tp to is the duration of the proliferation stage.
t Ȧr=tr tp is the duration of the clearance stage.
We next characterized the likelihood of observing a given ∆Ct(t) using the following mixture model:
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The left-hand side of the equation denotes the likelihood (L) that the observed viral load, as
measured by Ct deviation from the limit of detection (∆Ct(t)), is equal to some quantity x given
the model parameters į (peak viral load), tp (time of peak viral load), Ȧp (proliferation time), and Ȧr
(clearance time). This likelihood is equal to the sum of two main components: the likelihood that
the observed value was generated by the modeled viral kinetic process, denoted by the bracketed
term preceded by a (1-Ȝ); and the likelihood that the observed value was a false negative, denoted
by the term preceded by a Ȝ. In the bracketed term representing the modeled viral kinetic process,
fN(x | E[∆Ct(t)], ı(t)) represents the Normal PDF evaluated at x with mean E[∆Ct(t)] (generated by the
model equations above) and observation noise ı(t). FN(0 | E[∆Ct(t)], ı(t)) is the Normal CDF evaluated
at 0 with the same mean and standard deviation. This represents the scenario where the true viral
load goes below the limit of detection, so that the observation sits at the limit of detection. Ilod is
an indicator function that is 1 if ∆Ct(t)=0 and 0 otherwise; this way, the FN term acts as a point mass
concentrated at ∆Ct(t)=0. Last, fExp(x | Ⴋ) is the Exponential PDF evaluated at x with rate ț. We set
Ⴋ=log(10) so that 90% of the mass of the distribution sat below 1 Ct unit and 99% of the distribution
sat below 2 Ct units, ensuring that the distribution captures values distributed at or near the limit of
detection. We did not estimate values for Ȝ or the exponential rate because they were not of interest
in this study; we simply needed to include them to account for some small probability mass that
persisted near the limit of detection to allow for the possibility of false negatives. A schematic of the
likelihood function is depicted in Appendix 1—figure 17
We used a hierarchical structure with a non-centered parameterization to describe the distributions
of Ȧp, Ȧr, and į for each person:
Ȱp[i]=Exp[μȰp + ȝiwp + ıwp N iwp] Ȱ*p
Ȱr[i]=Exp[μȰr + ȝiwr + ıwr N iwr] Ȱ*r
İ[i]=Exp[μİ + ȝiİ + ıİ N iį] İ*
Here, Ȱ*p, Ȱ*r, and İ* are user-defined estimated values for the means of Ȱp, Ȱr, and İ, so
that the exponential terms represent an adjustment factor relative to that midpoint defined by
μ (a shared adjustment factor for the entire population), ȝi (an adjustment factor shared among
individuals of a given variant/immune category), and ı (a shared standard deviation for the entire
population). The N i terms represent individual-level random effects. The prior distributions for the
μ, ȝ, and ı terms were all Normal(0, 0.25) (with ı truncated to have support on the positive reals).
These prior distributions define LogNormal adjustment factors that have ~99% of their probability
mass between 0.5 and 2, so that the prior distributions for Ȱp, Ȱr, and İ cover roughly half to twice
their prior estimated midpoint values.
We used a Hamiltonian Monte Carlo fitting procedure implemented in Stan (version 2.24) and R
(version 3.6.2) to estimate the parameters. We ran four MCMC chains for 2,000 iterations each with
a target average proposal acceptance probability of 0.8. The first half of each chain was discarded
as the warm-up. The Gelman R-hat statistic was less than 1.1 for all parameters. This indicated good
overall mixing of the chains. There were no divergent iterations, indicating good exploration of the
parameter space.
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Appendix 1—figure 1. Summary of cohort. Top row describes cohort demographics and data on immune
histories. Middle row describes infection data. Bottom row provides additional information on the infection data.
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Appendix 1—figure 2. Summary of all infection and vaccination events over time, in addition to serum sample
collection dates, included in the dataset. (A) Histogram showing the distribution of vaccination dates (note that
most first doses were administered prior to 2021-06-25), showing when in time the majority of individuals were
vaccinated. (B) Histogram showing the timing of serum sample collections in the cohort. (C) Heatmap showing the
entire time course of infection and vaccination histories for each individual in the cohort. Each row represents one
individual and columns represent date. Each cell is shaded by the number of prior exposures at that date, showing
Appendix 1—figure 2 continued on next page
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Appendix 1—figure 2 continued
how each individual’s cumulative exposure history increases over time. Points show the timing of each detected
infection, recorded vaccination, and serum sample collection date. Points are colored by the variant or vaccination
number of that exposure.

Appendix 1—figure 3. Frequency and proportion of SARS-CoV-2 variant detections. (A) Frequency of sequenced
and unsequenced detected infections over time by week. Vertical dashed lines and shaded backgrounds
demarcate periods of variant dominance.
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Appendix 1—figure 4. Correlation between authentic virus neutralization assay (ID50) and the Diasorin antibody
titer against (A) wildtype and (B) Delta. Horizontal yellow bar shows an ID50 titer of 50 and 100 respectively,
Diagonal lines and shaded regions show mean and 95% confidence intervals (CI) for a linear regression between
the Diason antibody titer and ID50 titer. Vertical line and shaded regions show point estimate and 95% CI for the
Diasorin antibody titer corresponding to an ID50 titer of 50 (red) and 100 (green).
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Appendix 1—figure 5. Distribution of delays from detection to symptom onset among individuals with known
symptom status. Dashed lines mark the median delay between detection and symptom onset. Solid lines mark the
day of detection (0).
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Appendix 1—figure 6. Distribution of delays from symptom onset to peak Ct values among individuals with
known symptom status. Dashed lines mark the median delay between detection and symptom onset. Solid lines
mark the day of symptom onset (0).
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Appendix 1—figure 7. Proportion of infections with Ct <30 on each day post detection stratified by detection
speed. Solid colored lines and shaded ribbons show posterior means and 95% credible intervals from a
generalized linear model predicting probability of Ct <30 as a function of days since detection. Dashed lines show
proportion with Ct <30 from the observed data.
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Appendix 1—figure 8. All viral trajectories classified as rebound shown in Figure 1B. Subplots are colored by the
most stringent definition for rebound. To be included here, individuals must have 2+consecutive days of Ct ≥30
after an initial Ct <30. The vertical red dotted line marks this initial clearance time. Trajectories are then classified
as rebounds following either two consecutive tests with Ct <30 (purple), two consecutive tests with Ct <30 but with
at least a 2 Ct decrease (green), or two consecutive tests with Ct <25 (yellow). The vertical red line marks the timing
of rebound detection. The horizontal dashed lines show the different Ct value thresholds for rebound classification.
Panels are labeled by arbitrary person ID and infection number. (B) Proportion of sequenced infections attributable
to Delta, Omicron BA.1 or other variants.

Appendix 1—table 1. Number of identified rebounds stratified by variant, either confirmed through
sequencing or assumed based on detection date.
Rebounds are defined here as any trajectory with an initial Ct <30, followed by a sequence of two
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or more consecutive negative tests or tests with Ct ≥30, and subsequently followed by two or more
consecutive tests with Ct <30.
Variant

Rebounds

Total
infections

Percentage
rebounded

Omicron

36

877

4.10%

Delta

1

178

0.562%

Other

3

279

1.08%

Appendix 1—table 2. Number of identified rebounds stratified by vaccination status.
Rebounds are defined here as any trajectory with an initial Ct <30, followed by a sequence of two
or more consecutive negative tests or tests with Ct ≥30, and subsequently followed by two or more
consecutive tests with Ct <30.
Vaccination status

Rebounds

Total infections

Percentage rebounded

Boosted

32

494

6.48%

No record

5

398

1.26%

Second dose

3

323

0.929%

Unvaccinated

2

159

1.26%

Appendix 1—table 3. Comparison of linear logistic regression models predicting probability of Ct <30 on each day since detection
among individuals in the frequent testing group.
Models are ranked based on their expected log pointwise predictive density (ELPD), where a lower ELPD implies better predictive
accuracy. Model weight refers to the weight of each model in a Bayesian Model Averaging analysis, where a higher value implies a
greater contribution to model prediction when combining multiple models. AUC = area under the curve.
Model
Cumulative number of exposures,
variant and age

ELPD difference

SE difference

Weight

AUC

Classification accuracy Accuracy (≥30) Accuracy (<30)

0.000

0.000

0.157

0.897

0.828

0.890

0.647

Days since previous exposure, variant
and age
–1.813

10.011

0.299

0.896

0.823

0.878

0.664

–7.440

9.828

0.089

0.896

0.824

0.881

0.656

Cumulative number of exposures
and age

–27.935

8.823

0.104

0.894

0.823

0.887

0.637

Cumulative number of exposures
and variant

–31.536

9.428

0.000

0.894

0.824

0.891

0.630

Vaccination status and age

–33.933

12.389

0.000

0.893

0.822

0.882

0.646

Vaccination status and variant

–35.274

13.693

0.156

0.893

0.824

0.886

0.645

Days since previous exposure and
variant

–39.750

14.206

0.000

0.891

0.822

0.883

0.644

Days since previous exposure and
age

–40.929

12.503

0.000

0.892

0.820

0.877

0.654

Variant and age

–52.437

11.681

0.000

0.890

0.817

0.884

0.624

Cumulative number of exposures

–53.661

12.344

0.143

0.892

0.822

0.895

0.610

Vaccination status

–58.503

15.162

0.000

0.890

0.822

0.888

0.632

Age

–60.160

12.688

0.000

0.890

0.818

0.882

0.632

Days since previous exposure

–69.842

15.547

0.045

0.888

0.817

0.884

0.624

Variant

–87.427

15.554

0.007

0.887

0.818

0.889

0.611

Baseline

–93.087

15.843

0.000

0.886

0.817

0.890

0.606

Vaccination status, variant and age
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Appendix 1—table 4. Comparison of linear logistic regression models predicting probability of Ct <30 on each day since detection
among individuals in the delayed testing group.
Models are ranked based on their expected log pointwise predictive density (ELPD), where a lower ELPD implies better predictive
accuracy. Model weight refers to the weight of each model in a Bayesian Model Averaging analysis, where a higher value implies a
greater contribution to model prediction when combining multiple models. AUC = area under the curve.
Model

ELPD difference

SE difference

Weight

AUC

Classification accuracy Accuracy (≥30) Accuracy (<30)

Cumulative number of exposures,
variant and age

0.000

0.000

0.154

0.914

0.850

0.893

0.712

Vaccination status, variant and age

–1.817

7.807

0.000

0.913

0.849

0.890

0.720

Vaccination status and age

–6.061

8.899

0.134

0.913

0.849

0.888

0.724

Cumulative number of exposures
and age

–7.900

4.710

0.007

0.913

0.849

0.893

0.712

Days since previous exposure, variant
and age

–8.046

8.929

0.288

0.913

0.849

0.890

0.721

Days since previous exposure and
age

–20.190

9.360

0.000

0.912

0.850

0.890

0.725

Variant and age

–22.457

8.628

0.081

0.912

0.850

0.888

0.728

Vaccination status and variant

–59.936

14.986

0.162

0.909

0.847

0.888

0.717

Cumulative number of exposures
and variant

–60.139

12.098

0.007

0.910

0.846

0.891

0.703

Age

–63.495

12.834

0.052

0.910

0.849

0.882

0.743

Cumulative number of exposures

–65.893

12.851

0.114

0.910

0.846

0.891

0.707

Vaccination status

–67.520

15.418

0.000

0.909

0.847

0.888

0.717

Days since previous exposure and
variant

–82.798

15.986

0.000

0.909

0.846

0.888

0.714

Days since previous exposure

–93.537

16.058

0.000

0.909

0.846

0.887

0.718

Variant

–107.362

15.800

0.000

0.907

0.845

0.883

0.723

Baseline

–148.350

18.608

0.000

0.905

0.842

0.880

0.722
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Appendix 1—figure 9. Proportion of infections with Ct <30 on each day post detection by confirmed or
suspected variant, vaccination status and detection group, conditional on being in the <30 years age group. Solid
colored lines and shaded ribbons are posterior estimates from a generalized linear model predicting probability
of Ct <30 as a function of days since detection and vaccination status, showing the posterior mean (solid line) and
95% credible intervals (shaded ribbon) of each conditional effect. Dashed horizontal and vertical lines show 5%
probability and day 5 post detection respectively. Labels show sample size within each group. Note that data is
unavailable for some variant and vaccination status combinations.
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Appendix 1—figure 10. Identical to Appendix 1—figure 9, but after excluding data from all players.
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Appendix 1—figure 11. Proportion of Omicron BA.1 infections, stratified by symptom status, with Ct <30 on each
day post detection by booster status and detection group. Solid colored lines and shaded ribbons are posterior
estimates from a generalized linear model predicting probability of Ct <30 as a function of days since detection,
variant (only BA.1 results shown) and vaccination status, showing the posterior mean (solid line) and 95% credible
intervals (shaded ribbon) of each conditional effect. Dashed horizontal and vertical lines show 5% probability and
day 5 post detection respectively. Note that age group is not included as an effect in this model.
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Appendix 1—figure 12. Proportion of Omicron BA.1 infections with Ct <30 on each day post detection stratified
by vaccination status, age group and detection group. Solid colored lines and shaded ribbons are posterior
estimates from a generalized linear model predicting probability of Ct <30 as a function of days since detection,
vaccination status and variant, showing the posterior mean (solid line) and 95% credible intervals (shaded ribbon)
of each conditional effect. Note that only Omicron BA.1 estimates are shown, though the model included data
from Delta and pre-Delta infections. Dashed horizontal and vertical lines show 5% probability and day 5 post
detection respectively.
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Appendix 1—figure 13. Individual antibody titers to the ancestral SARS-CoV-2 spike over time. (A) Measured
antibody titers by date of sample collection. Lines show longitudinal samples from the same individual, colored by
the most recent exposure at the time of sample collection. Lines going up therefore represent antibody boosting
events, and lines going down represent waning. (B) Measured antibody titers by days since previous exposure at
time of sample collection. Dashed lines show the limit of assay detection.
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Appendix 1—figure 14. Histogram of time between (A) second vaccine dose and antibody titer measurement
and (B) booster dose and antibody titer measurement. Dashed line marks the median lag (162 days). 1 individual
was infected between receiving their second vaccine dose and having a titer measurement taken (Delta infection).
42 individuals were infected between having their titer measurement taken and receiving their booster vaccine
dose (32 Delta; 9 unsequenced; 1 confirmed Omicron BA.1).
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Appendix 1—figure 15. Distribution of antibody titers among Omicron BA.1-infected individuals (colored points)
stratified by age group and vaccination status at the time of infection. Shown are mean titers (large black point)
and bootstrapped 95% confidence intervals for the mean (black bars). Note that stratification is by infection
and not individual, and that antibody titers were measured at a single point in time rather than near the time of
infection. The Diasorin Trimeric Assay values are truncated between 13 and 800 AU/ml.
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Appendix 1—figure 16. Proportion of BA.1 Omicron infections with Ct <30 on each day post detection stratified
by the interaction of booster status at the time of infection and antibody titer group (note, not stratified by age
group here due to small subgroup size). Shown are posterior estimates from a generalized linear model predicting
probability of Ct <30 with a spline term on days since detection, conditional on titer/vaccination status category.
Solid lines show posterior mean and shaded ribbons show 95% credible intervals of each conditional effect.
(A) Model estimates including only individuals who had antibody titers measured between 100 and 200 days
following a known previous infection of vaccination. (B) Model estimates including only infections which occurred
between 60 and 90 days after an antibody titer measurement.
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Appendix 1—figure 17. Schematic diagram of the likelihood function for viral kinetic inference. The plot depicts
the likelihood as a function of ∆Ct, the difference between the observed Ct value and the limit of detection, so that
∆Ct = 0 (the origin) represents observations at the limit of detection, with viral load increasing toward the righthand side of the plot. The likelihood function (III, purple) is made up of two fundamental components: the process
likelihood (I, blue) and the false negative distribution (II, red). The main component of the process likelihood
(I) is defined by a normal distribution with mean E[∆Ct], a function of the estimated viral kinetic parameters as
defined by the viral kinetic model. Any mass of the process likelihood that extends below the limit of detection
(blue hatched region) is instead added to a point probability mass at the origin, since viral loads below the limit
of detection register at the limit of detection. The false negative distribution (II) is an exponential distribution
with fixed rate to account for a small amount of noise near the limit of detection. Summing the process likelihood
(I) and the false negative likelihood (I) using the mixing probability Ȣ (=1 - sensitivity) yields the overall likelihood
(III).

Appendix 1—table 5. Posterior estimates of viral trajectory attributes by variant and vaccination
status.
Estimates are posterior means with 95% credible intervals.
Trajectory value

Variant/vaccination status

Estimate

Peak viral load (Ct)

Other: Unvaccinated

25.0 (24.2, 25.9)

Delta: 1–2 doses

22.4 (21.4, 23.5)

Omicron: 1–2 doses

25.6 (25.0, 26.2)

Omicron: Boosted

25.7 (25.4, 26.1)

Peak viral load (log10 copies/ml)

Proliferation time (days)

Clearance time (days)

Other: Unvaccinated

6.8 (6.6, 7.0)

Delta: 1–2 doses

7.5 (7.2, 7.8)

Omicron: 1–2 doses

6.6 (6.5, 6.8)

Omicron: Boosted

6.6 (6.5, 6.7)

Other: Unvaccinated

3.5 (3.1, 3.9)

Delta: 1–2 doses

3.6 (3.1, 4.1)

Omicron: 1–2 doses

3.6 (3.3, 4.0)

Omicron: Boosted

4.0 (3.8, 4.3)

Other: Unvaccinated

9.9 (9.2, 10.6)

Delta: 1–2 doses

7.6 (7.0, 8.3)

Omicron: 1–2 doses

6.2 (5.8, 6.6)

Omicron: Boosted

8.4 (8.0, 8.7)

Appendix 1—table 6. Posterior estimates of viral trajectory attributes by variant and antibody titer.
Estimates are posterior means with 95% credible intervals.
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Trajectory attribute

Variant/immune status

Estimate

Peak viral load (Ct)

Other: Unexposed

24.8 (24.0, 25.6)

Delta: Exposed,≤250 AU

22.1 (20.6, 23.4)

Delta: Exposed,>250 AU

24.4 (22.7, 26.1)

Omicron: Exposed,≤250 AU

25.2 (24.7, 25.6)

Omicron: Exposed,>250 AU

26.2 (25.7, 26.6)

Peak viral load (log10 copies/ml)

Proliferation time (days)

Clearance time (days)

Other: Unexposed

6.9 (6.6, 7.1)

Delta: Exposed,≤250 AU

7.6 (7.3, 8.0)

Delta: Exposed,>250 AU

7.0 (6.5, 7.4)

Omicron: Exposed,≤250 AU

6.8 (6.7, 6.9)

Omicron: Exposed,>250 AU

6.5 (6.4, 6.6)

Other: Unexposed

3.5 (3.2, 3.9)

Delta: Exposed,≤250 AU

3.6 (2.8, 4.5)

Delta: Exposed,>250 AU

4.2 (3.3, 5.3)

Omicron: Exposed,≤250 AU

3.9 (3.6, 4.2)

Omicron: Exposed,>250 AU

3.7 (3.5, 4.0)

Other: Unexposed

9.8 (9.1, 10.6)

Delta: Exposed,≤250 AU

7.7 (6.9, 8.7)

Delta: Exposed,>250 AU

7.6 (6.4, 8.8)

Omicron: Exposed,≤250 AU

8.4 (8.0, 8.8)

Omicron: Exposed,>250 AU

6.9 (6.6, 7.3)

Appendix 1—table 7. Posterior estimates of Omicron BA.1 viral trajectory attributes by symptom
and vaccination status.
Estimates are posterior means with 95% credible intervals.
Trajectory attribute

Variant/immune status

Estimate

Peak viral load (Ct)

Omicron: 1–2 doses, no symptoms

26.7 (25.7, 27.7)

Omicron: 1–2 doses, symptoms

25.3 (24.5, 26.1)

Omicron: boosted, no symptoms

26.3 (25.7, 27)

Omicron: boosted, symptoms

25.4 (25, 25.8)

Peak viral load (log10 copies/ml)

Proliferation time (days)

Clearance time (days)

Omicron: 1–2 doses, no symptoms

6.3 (6.1, 6.6)

Omicron: 1–2 doses, symptoms

6.7 (6.5, 6.9)

Omicron: boosted, no symptoms

6.4 (6.3, 6.6)

Omicron: boosted, symptoms

6.7 (6.6, 6.8)

Omicron: 1–2 doses, no symptoms

3.7 (3.2, 4.2)

Omicron: 1–2 doses, symptoms

3.7 (3.2, 4.2)

Omicron: boosted, no symptoms

4.3 (3.9, 4.8)

Omicron: boosted, symptoms

3.8 (3.5, 4.1)

Omicron: 1–2 doses, no symptoms

5.9 (5.2, 6.6)

Omicron: 1–2 doses, symptoms

6.3 (5.8, 6.8)

Omicron: boosted, no symptoms

7.4 (6.8, 8.0)

Omicron: boosted, symptoms

8.7 (8.3, 9.1)

Hay, Kissler, Fauver et al. eLife 2022;11:e81849. DOI: https://doi.org/10.7554/eLife.81849

38 of 40

Epidemiology and Global Health | Immunology and Inflammation

Research article

Appendix 1—table 8. Posterior estimates of Omicron BA.1 viral trajectory attributes by symptom
and antibody titer.
Estimates are posterior means with 95% credible intervals.
Trajectory attribute

Variant/immune status

Estimate

Peak viral load (Ct)

Omicron: Low titer, no symptoms

26.1 (25.2, 26.9)

Omicron: Low titer, symptoms

24.8 (24.3, 25.4)

Omicron: High titer, no symptoms

26.7 (25.9, 27.5)

Omicron: High titer, symptoms

25.9 (25.4, 26.5)

Peak viral load (log10 copies/ml)

Proliferation time (days)

Clearance time (days)

Omicron: Low titer, no symptoms

6.5 (6.3, 6.8)

Omicron: Low titer, symptoms

6.9 (6.7, 7.0)

Omicron: High titer, no symptoms

6.3 (6.1, 6.6)

Omicron: High titer, symptoms

6.6 (6.4, 6.7)

Omicron: Low titer, no symptoms

4.3 (3.8, 4.9)

Omicron: Low titer, symptoms

3.6 (3.3, 4.0)

Omicron: High titer, no symptoms

3.8 (3.4, 4.3)

Omicron: High titer, symptoms

3.8 (3.4, 4.2)

Omicron: Low titer, no symptoms

7.4 (6.7, 8.1)

Omicron: Low titer, symptoms

8.7 (8.2, 9.3)

Omicron: High titer, no symptoms

6.4 (5.8, 7.1)

Omicron: High titer, symptoms

7.1 (6.6, 7.5)

Appendix 1—table 9. Posterior estimates of Omicron BA.1 viral RNA clearance times by age and
vaccination status.
Estimates are posterior means with 95% credible intervals. Low titer is ≤250 AU, high titer
is >250 AU.
Trajectory attribute

Variant/immune status

Estimate

Peak viral load (Ct)

Omicron:<30, unboosted

25.6 (25, 26.3)

Omicron:<30, boosted

25.8 (25.1, 26.4)

Omicron: 30–50, unboosted

25.3 (24.2, 26.5)

Omicron: 30–50, boosted

25.7 (25.2, 26.2)

Omicron: 50+, unboosted

25.5 (22.8, 27.9)

Omicron: 50+, boosted

25.5 (24.6, 26.3)

Peak viral load (log10 copies/ml)

Proliferation time (days)

Omicron:<30, unboosted

6.6 (6.4, 6.8)

Omicron:<30, boosted

6.6 (6.4, 6.8)

Omicron: 30–50, unboosted

6.7 (6.4, 7)

Omicron: 30–50, boosted

6.6 (6.5, 6.7)

Omicron: 50+, unboosted

6.7 (6, 7.4)

Omicron: 50+, boosted

6.7 (6.5, 6.9)

Omicron:<30, unboosted

3.7 (3.4, 4.1)

Omicron:<30, boosted

4.2 (3.8, 4.7)

Omicron: 30–50, unboosted

3.6 (3, 4.4)

Omicron: 30–50, boosted
Omicron: 50+, unboosted

4 (3.6, 4.3)
4.4 (3, 6.3)
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Appendix 1—table 9 Continued
Trajectory attribute

Variant/immune status
Omicron: 50+, boosted

Clearance time (days)

Omicron:<30, unboosted

Estimate
3.9 (3.4, 4.4)
6 (5.6, 6.5)

Omicron:<30, boosted

7.2 (6.7, 7.7)

Omicron: 30–50, unboosted

6.4 (5.7, 7.2)

Omicron: 30–50, boosted

8.6 (8.1, 9.1)

Omicron: 50+, unboosted

8.7 (6.6, 11.2)

Omicron: 50+, boosted

9.6 (8.8, 10.6)

Appendix 1—table 10. Posterior estimates of Omicron BA.1 viral RNA clearance times by age and
titer.
Estimates are posterior means with 95% credible intervals. Low titer is ≤250 AU, high titer
is >250 AU.
Trajectory attribute

Variant/immune status

Estimate

Peak viral load (Ct)

Omicron:<30, low titer

24.8 (24, 25.5)

Omicron:<30, high titer

26.2 (25.6, 26.8)

Omicron: 30–50, low titer

25.4 (24.8, 26)

Omicron: 30–50, high titer

26.1 (25.4, 26.8)

Omicron: 50+, low titer

24.9 (23.8, 25.9)

Omicron: 50+, high titer

26.3 (24.8, 27.6)

Peak viral load (log10 copies/ml)

Proliferation time (days)

Clearance time (days)

Omicron:<30, low titer

6.9 (6.7, 7.1)

Omicron:<30, high titer

6.5 (6.3, 6.7)

Omicron: 30–50, low titer

6.7 (6.5, 6.9)

Omicron: 30–50, high titer

6.5 (6.3, 6.7)

Omicron: 50+, low titer

6.8 (6.6, 7.1)

Omicron: 50+, high titer

6.5 (6.1, 6.9)

Omicron:<30, low titer

3.9 (3.4, 4.3)

Omicron:<30, high titer

4 (3.6, 4.4)

Omicron: 30–50, low titer

4 (3.6, 4.4)

Omicron: 30–50, high titer

3.6 (3.2, 4)

Omicron: 50+, low titer

3.8 (3.2, 4.5)

Omicron: 50+, high titer

3.7 (2.9, 4.7)

Omicron:<30, low titer

7.2 (6.7, 7.8)

Omicron:<30, high titer

6.2 (5.8, 6.7)

Omicron: 30–50, low titer

8.7 (8.1, 9.3)

Omicron: 30–50, high titer

7.4 (6.8, 8)

Omicron: 50+, low titer

9.9 (8.7, 11.1)

Omicron: 50+, high titer

9.5 (8, 11.1)
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